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Introduction

Full-information item factor analysis
Of the various methods that have been proposed for investigating the dimensionality of item sets, the most sensitive and informative is item factor analysis [1] . Bock and Aitkin (1981) have introduced a method of item factor analysis, based on Item Response Theory (IRT), which does not require calculation of inter-item correlation coefficients. However, the Bock-Aitkin approach uses as data the frequencies of all distinct item response vectors, so it is called "full-information" item factor analysis (FIFA) [2] . To substantiate the accuracy and practical utility of the method, numerous applications to simulated and real data are presented by marginal maximum likelihood estimation and the EM algorithm (Bock, Gibbons, & Muraki, 1988) [1] . Meng and Schilling (1996) developed a Monte Carlo EM (MCEM) fitting method for this model [3] . Compared with the Gauss-Hermite method proposed by Bock and Aitkin (1981) , the MCEM method is more stable and computationally easier. Dimensionality assessment is one of the preferred utilities of FIFA. In the E step proposed by Meng and Schilling (1996) , respondents with the same response pattern are given the same latent factor scores. When there are many very difficult or easy items, this may dramatically decrease the number of response patterns and potentially cause the method to become less stable and accurate. An and Bentler (2008) proposes a new E step for the MCEM method to avoid this problem [4] . FIFA was used to assess dimensionality within item parcels. Analyses assuming a two-parameter model and a three-parameter item response model suggested that all parcels were unidimensional [5] . When the 3-parameter logistic model and item response theory were used to analyze Graduate Management Admission Test (GMAT) data, there were problems with the assumption of unidimensionality (King, 1986) . Linear factor analytic models, exploratory factor analysis programs also presented difficulties. When FIFA was applied to both quantitative and verbal GMAT items, a dominant first factor and two additional, considerably weaker, factors were found. Kingston and Mckinley(1988) made a comparison and argued that an advantage of FIFA approach was that it allowed the researcher to assess the proportion of variance explained by each factor in the orthogonal solution, however, the confirmatory multidimensional item response theory(CMIRT) was unlikely to yield such a statistic [7] . The researches mentioned above were focused on dichotomous data. Since dichotomous data are ubiquitous in educational, psychological, and social research, methods for effectively exploring the underlying factor structure of such data are still undergoing development (Schilling and Bock 2005 ; Maydeu-Olivares and Joe 2005) [8] [9] . Data format has been covered the polytomous data by Muraki and Carlson (1995) . The model was expressed both in factor-analytic and item response theory parameters. EM algorithm for estimation of the model parameters was presented and results of the analysis of item response data by a computer program incorporating this algorithm were presented [10] . However, there has been little progress in multidimensional extensions of the graded response model (Gibbons, et al., 2007) [11].
Bifactor analysis
Although there are good limited information procedures available for ordinal response data, they are not designed specifically for application to instruments where a primary dimension and several subdimensions are present, i.e., the bifactor case (Gibbons and Hedeker, 1992) [12] . To illustrate, consider a set of n test items for which an s-factor solution exists with one general factor and s−1 group or method-related factors. The bifactor solution constrains each item j to a nonzero loading α j1 on the primary dimension and a second loading (α jk , k=2, . . . , s) on not more than one of the s−1 group factors. For seven items, the bifactor pattern matrix might be 
The bifactor restriction leads to a major simplification of likelihood equations that (a) permits analysis of models with large numbers of group factors, (b) permits conditional dependence among identified subsets of items, and (c) provides more parsimonious factor solutions than an unrestricted full-information item factor analysis (Gibbons, et al., 2007) [11].
Full-Information Item Bifactor Analysis
The bifactor structure has been considered a credible model for various types of data (Gibbons et (2007) indicate that dimensionality assessment based on the bifactor model can provide researchers with a useful approach to (a) investigate model misfit due to fitting a unidimensional IRT model to multidimensional data, (b) justify the creation of subscales, and (c) uniquely model individual differences [15] .
Research purposes were: (a) to test the utility of the bifactor IRT model for dimensionality assessment and (b) to confirmatory factor analyze the structure of the newly-developed scale, the Job Burnout Scale for Chinese College Teachers.
An FI-item bifactor analysis based on Samejima's (1969) graded response model was used to test the scale's factor structure [16] . For the bifactor model, Samejima's (1969) graded response model is [11] . A chi-square difference test was used to test the fit of the competing IRT models (e.g., unidimensional model vs. bifactor model).
Method
Participants
1331 teachers were chosen from 11 various Universities in China. 1111(83.47%) were valid. The gender of the participants was 584 males, 525 females, and 2 missing. The age was 380(below 30 years old), 482(31-40 years old), 183(51-50 years old), 56(above 51 years old), and 10 missing. 1079 response patterns emerged.
Instrumentation
The newly-developed scale, the Job Burnout Scale for Chinese College Teachers, is a 37-item scale (Xiaoli Liu, 2008) [17] . It contains four factors, i.e., emotional exhaustion (factor , see Table1), Ⅰ reduced personal accomplishment (factor ), organizational dehumanization Ⅱ (factor ), and scientific Ⅲ research-related burnout (factor ). Each item has five categories, i Ⅳ .e. 1=never, 2=seldom, 3=sometime, 4=usually, and 5=always.
Data Analysis
The data were analyzed by the POLYBIF program (Gibbons & Hedeker, n.d. see Appendix) [18] .
Results
Samejima's (1969) unidimensional model was fit to the data [16] . Table 2 shows items reported moderate to high loadings on the primary factor and approximated those reported for the unidimensional model. The range of primary factor loadings is 0.388~0.734 (Mean=0.594). The range of group factorⅠ loadings is 0.126~0.649 (Mean=0.482). The range of group factorⅡ loadings is 0.222~0.732 (Mean=0.546). The range of group factor loadings is Ⅲ 0.270~0.628 (Mean=0.443). The range of group factoⅣ loadings is 0.325~0.552 (Mean=0.415).
Compared to the unidimensional model(χ Respondents'expected a posteriori (EAP; Bock & Mislevy, 1982) [19] scores between the unidimensional model and the general factor of the bifactor model were highly correlated (r=0.956). 
Discussion
Judicious review of a scale's psychometric properties provides an important mechanism to test theory as well as reduceany unintended social consequences associated with score use (Messick, 1995) [20] . In the present study, an FI bifactor analysis was used to test the factor structure of the Job Burnout Scale for Chinese College Teachers. Item factor loadings did differ substantially from their estimation using the unidimensional model. The use of subscales as distinct measures is encouraged.
The FIFA approach represents only one way to fit the bifactor model to multidimensional, orderedcategorical data. Alternatively, the model can be specified within the framework of structural equation modeling (Bollen, 1989) [21] [22] . Chen et al. (2006) provided a thorough discussion regarding the use of the model within this context and report its strengths and limitations compared to a secondorder confirmatory factor analysis model [13] . Future research may consider similarities and differences between FI and SEM approaches for fitting the bifactor model to scale data [23] .
In many practical applications, the bifactor model provides a natural alternative to the traditional conditionally independent unidimensional IRT model. When conditional dependence is likely, as in the case of paragraph comprehension tests, tests in which there are two or more methods of item presentation, or personality or other items that have a two-level structure with an underlying general factor, the item bifactor solution provides an excellent alternative. (Gibbons, et al., 2007) [11] .
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